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Background: The first step in evaluating potential geographic clusters of disease calls for an evaluation of the
disease risk comparing the risk in a defined location to the risk in neighboring locations. Environmental exposures,
however, represent continuous exposure levels across space not an exposure with a distinct boundary. The
objectives of the current study were to adapt, apply and evaluate a geostatistical approach for identifying disease
clusters.
Methods: The exceedance probability for very low birth weight (VLBW; < 1.5 kg) infants was mapped using an
Intrinsic Conditional Autoregressive model. The data were applied to a 20 by 20 grid of 1 km2 pixels centered on
each of the 13 National Priority List Superfund Sites in Harris County, Texas.
Results: Large clusters of VLBW were identified in close proximity to four of the 13 Superfund Sites. Three of the
Superfund Sites, associated with disease clusters, were located close together in central Houston and these sites
may have been surrounded by a single, confluent disease cluster.
Conclusions: Geostatistical modeling of the exceedance probability for very low birth weights identified disease
clusters of varying size, shape and statistical certainty near Superfund Sites in Harris County, Texas. The approach
offers considerable potential as the first step for investigating potential disease clusters.Background
The National Center for Environmental Health (NCEH)
defines a cluster as a greater-than-expected number of
cases that occurs within a group of people in a geographic
area over a defined period of time. The Centers for Disease
Control and Prevention (CDC) provide guidelines for inves-
tigation of potential clusters but, in the United States, the
investigation usually falls to the state health department.
The first step, in the investigation, is usually a statistical
evaluation of the likelihood of the disease distribution.
Commonly the state health agency examines its health
registry data and performs statistical testing comparing in-
cidence rates among arbitrary geographic areas [1]. Once a* Correspondence: jthompson@cvm.tamu.edu
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article, unless otherwise stated.significant statistical association is established, the latter
steps are committed to identification of a cause for the
disease cluster. However, most investigations end with the
first step because of a failure to identify a critically small
p-value [2,3].
Instead of investigating a risk boundary and estimating
fixed risks on either side of the boundary, there could be
advantages to evaluating a more continuous geographic
risk using geostatistical modeling. By definition, geostatis-
tical modeling collects data based on sampling coordinates
then fits both a local risk estimate and a spatial covariance
allowing for near neighbors to be more similar in risk. The
estimated risks and spatial covariance enable the predic-
tion of risk at un-sampled locations thus filling in the
complete risk surface. When implemented using a fully
Bayesian approach, the risk surface can be plotted using
any estimate from the posterior, including the posterior
probability that the relative risk (RR) estimate is greatertral Ltd. This is an Open Access article distributed under the terms of the
/creativecommons.org/licenses/by/4.0), which permits unrestricted use,
, provided the original work is properly credited. The Creative Commons Public
mons.org/publicdomain/zero/1.0/) applies to the data made available in this
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ity (EP). The EP is affected by both the magnitude and the
precision of the relative risks which, in turn, are largely de-
termined by the extent of spatial correlation. A geostatistical
model of the EP could provide a powerful tool evaluating
flexible cluster shapes and sizes and could estimate the risk
and the risk uncertainty for those living near the site.
Abnormal birth conditions are among the most fre-
quently investigated health conditions for suspected
geographic clustering. Fetuses are known to be espe-
cially susceptible to environmental toxins and the public
often perceives clusters of preterm births and frequently
blames local pollution. Very low birth weights (VLBW;
birth weight < 1500 g) and very preterm delivery (VPTD;
gestational periods of less than 32 weeks) are common
conditions that have been studied extensively. The two
conditions contribute markedly to neonatal morbidity and
mortality and lifelong health care costs [5]. The two condi-
tions are very highly correlated but many consider VPTD
as the outcome of more biologic interest [6]. However,
VLBW has often been studied as a surrogate for VPTD
because of how objectively birth weight is measured rela-
tive to the estimation of gestational length [7].
The objectives of this study were to adapt, apply and
evaluate geostatistical modeling of exceedance probability
for VLBW near specific toxic sites, in Harris County,
Texas. Harris County, located within the Houston–The
Woodlands–Sugar Land metropolitan area, is the third
most populous county in the United States and has 13 Na-
tional Priority List (NPL) Superfund Sites, the sixth most
of any county in the nation. Harris County has a diverse
population, including large groups of disadvantaged resi-
dents that live near toxic sites and have high birth rates.
Methods
The use of protected health information from the birth cer-
tificate database was approved by two Institutional Review
Boards, the Texas Department of State Health Services
(TDSHS) and Texas A&M University. Birth records, in-
cluding health related fields, were retrieved from TDSHS
for the period January 1, 1990 to December 31, 2002. Geo-
coding was performed by the TDSHS, based on street ad-
dresses, and was 87 percent complete. The latitude and
longitude of birth locations were projected into Universal
Transverse Mercator 1983 (UTM83), Zone 14 units. All
births were located using the mothers address at birth and
rounding the geocoordinates to the nearest 1 km unit.
The identities and locations of the 13 National Priority
List Superfund Sites were first identified using latitude and
longitude given on the Texas Site Status Summaries on the
EPA Program Region 6 Superfund website (http://www.epa.
gov/region6/6sf/6sf-tx.htm). The Superfund sites were then
visually identified on satellite imagery and the apparent
centroid was used as the location.The Intrinsic Conditional Autoregressive (ICAR) model
was used to model the relative risk (RR), defined as the
number of cases divided by the number of expected cases
[8]. Besag et al. [8] referred to the smallest geographical
areas as pixels and we adopt that terminology. The
UTM83 coordinate system was used with a distance scale
of 1 km between coordinates and modeled the 20 by 20
grid surrounding each of the toxic sites. Each x,y coordin-
ate represented the centroid of a 1 km x 1 km pixel. For
each of the i = 400 pixels, the number of cases (Yi) was
counted and the expected number of cases (Ei) was the
product of the number of births, over the 12-year study
period and the overall expected morbidity ratio for VLBW.
In some locations Ei was zero because there were zero
births, thus creating a “structural” zero. To accommodate
the structural zeros, a zero-inflated Poisson, using a two
group mixture model recommended by Lunn et al., [9]
was adapted as follows: For i = 400 spatial locations and
for j = 2 groups,
Y i∼Poisson mið Þ
Where
mi¼groupj mui
and
groupj eBernoulli pj
 
Where p takes a value of 0 when no births were lo-
cated within the pixel and a value of 1 when 1 or more
births were observed within the pixel. The log(mui) was
then modeled linearly as a function of the expected rate
of VLBW, an intercept (α) and Spatial term (Si).
Log muið Þ ¼ Log Eið Þ þ αþ Si
All models employed Bayesian inference, with vague or
flexible prior beliefs and a Markov Chain Monte Carlo
(MCMC) implementation. The MCMC implementation
was performed by use of WinBUGS version 1.4.3 [10]. The
initial 5,000 iterations were discarded to allow for conver-
gence and every hundredth of the following 500,000 itera-
tions were sampled for the posterior distribution. Observing
convergence of two chains with widely different initial values
checked convergence to the posterior distribution.
The parameterization used for Geographical Informa-
tion System (GIS) evaluation was the exceedance probabil-
ity defined as the likelihood that the spatial RR estimate
was greater than one and was taken directly from the full
posterior distributions of the relative risk estimates. Initial
GIS evaluation was performed on GeoBUGS version 1.2
and further GIS analysis was performed using ArcMap 10.
Three hierarchical priors were used and the results
compared. The priors were gamma (0.5, 0.0005) for the
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uniform standard deviation prior (0, 100). The evalu-
ation of these priors was performed in two steps. Maps
of the risk surface for exceedance probability were com-
pared using GIS and the full posteriors of the standard
deviation of the spatial effects were also compared. Very
low birth weight was the primary outcome of interest.
For the purpose of sensitivity analyses, three other out-
comes were evaluated: low birth weight (LBW; < 2500 g),
preterm delivery (PTD; < 37 weeks gestation) and very
preterm delivery (VPTD; < 32 weeks of gestation).
Results
VLBW
For the 12-year study period there were 777,553 births in
Harris County, including 10,803 withVLBW (1.4%). The area
of Harris County was 4410 pixels, for average birth rate and
average VLBW rate of 176.3 and 2.4 per pixel, respectively.
Cluster detection
Large clusters, with clusters defined as multiple adjacent
pixels with EP > 99%, were identified within the study win-
dows at six of the 13 Superfund Sites. Three of the sites
were located close together in central Houston within the
610 Loop Interstate. These sites were the Many Diversified
Interests, Inc., North Cavalcade Street and South Cavalcade
Street Superfund Sites. The GIS layer centered at Many
Diversified Interests, Inc. but also including the South
Cavalcade Street and North Cavalcade Street Superfund
Sites is presented in Figure 1. The Sol Lynn/Industrial
Transformers Superfund Site had a large area of EP > 99%,
extending to the east of the Superfund Site (Figure 2). Two
other maps showed locations of very EP > 99% distal to the
Superfund Sites, including 5-10 km southeast of the Crystal
Chemical Co. Superfund Site and 5 km west of Geneva In-
dustries/Fuhrman Energy Superfund Site. The latter cluster
was confluent with the cluster detected near the Sol Lynn/
Industrial Transformers Superfund Site.
Standard deviation of neighborhood effects
The standard deviation (SD) among the pixels within a
neighborhood is an essential parameter for modeling a risk
gradient. The posterior for the SD was similar for the
three Superfund Sites that were in close proximity in cen-
tral Houston. For the seven locations without large clus-
ters of high EP, the standard deviations were smaller, thus
supporting more spatial homogeneity in the risks.
Sensitivity analyses
The locations of large high EP clusters were very similar,
for size, shape and location for LBW, PTD and VPTD.
Sensitivity analyses, for the choice of priors, showed that
the exceedance probabilities for VLBW were not sensi-
tive to choice of priors.Discussion
The current standard is to compare disease rates using ar-
bitrary boundaries like census tracts or political units when
investigating potential disease clusters [1]. For example, a
recent Endicott, NY investigation of low and very low birth
weights and other birth disorders defined exposed and un-
exposed subjects using complex polygons defined by
boundaries along city streets. The population on one side
of the street was classified as exposed and the population
on the other side as unexposed. The authors were investi-
gating concern for Soil Vapor Intrusion following a large
spill of toxic chlorinated hydrocarbons, trichloroethylene
and perchloroethylene [11]. Soil Vapor Intrusion is a com-
plex process in which contaminants move into the air from
the soil creating an air-borne plume and exposure. This ex-
posure process is certain to be continuous and not a
process with a clear spatial boundary [12]. This type of ex-
posure should also a concern for residents living near
Texas Superfund sites. Other approaches to defining a
cluster have been proposed including novel approaches
that address flexibility in cluster shapes [13,14]. These ap-
proaches offer advantages over Kulldorff ’s original spatial
scan statistic [15] but still rely on a risk boundary. When
the process is a continuous spatial one, the risks near the
boundary but on opposite sides will be more alike than
due to chance thus muting the risk estimate. For example,
in the Endicott, NY study [11], it was unrealistic to model
risks for subjects on opposite side of the street as belonging
in either a full risk or no risk category. Models that are
more continuous across space can estimate a gradient of
risk and using the EP would offer the advantage of estimat-
ing and reporting the risk and risk certainty to those living
near the investigated hazard.
Diggle and Ribeiro introduced Bayesian Kriging in which
to covariance between sampled locations is estimated as a
function of distance between all pairs of locations [16].
These linear geostatistical models have proven very useful
in veterinary disease mapping because farms are not ar-
ranged in regular patterns and distances among the farm
pairs can form the basis of the covariance [17-19]. Bayesian
Kriging was a potential alternative for the current study
but, the practical implementation using currently available
computer resources is limited to rather small numbers of
georeferenced locations. This limitation has been described
by WinBUGS developers to be the result of the size of the
covariance matrix [20]. The current study reduced the
complexity of the spatial covariance matrix by using 1 km
by 1 km pixels. The approach first projected the data from
latitude and longitude to the UTM83 coordinate system. A
coordinate system is needed because a degree of latitude
consistently measures a distance of 111 km north to south
but a degree of longitude measures a distance of 111 km
east to west at the equator but 0 km at the north and south
poles. In Houston, Texas a degree of longitude measures a
Figure 1 Downtown Houston. The exceedance probability for very low birth weights is plotted on the 20 km by 20 km grid centered at the
Many Diversified Interests, Inc. Superfund Site but also including the North Cavalcade Street and South Cavalcade Superfund Sites.
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in estimating distance-based covariance but less important
with ICAR modeling because correlation is identified
among neighboring pixels without using distance mea-
surements. The alternative of using latitude and longitude,
in decimal degrees with geocoordinates rounded to the
second decimal would produce very similar pixels that
would measure approximately 1.10 km north to south and
0.97 km east to west when modeling central Texas health
data. The projection and binning reduced the data com-
plexity and as an additional advantage, protected individ-
ual patient identities. The criticism of the approach would
include that the edges of the pixels were arbitrary and
mothers located near but on opposite sides of the bound-
ary would be more alike than by chance, similar to the
criticism for large arbitrary locations. This concern is miti-
gated as the pixels become smaller and, also, the model spe-
cifically accounts for similarity of risk among neighboring
pixels. Geostatistical modeling is intended for continuousspace and the current “binning” procedure enabled a nearly
continuous approach. The continued development of cap-
acity for personal computing could render this adaptation
unnecessary.
Spatial covariance should be considered dependent upon
the existence of one or more spatially oriented causes. The
search for local clusters, based on local spatial covariance,
is considered both more useful and also more specifically
addresses public concerns [21]. The current study deals
with local spatial covariance by restricting the modeling of
spatial covariance to locations very near the putative toxic
source. The estimation of the spatial correlation is typically
based on the data and an uninformative prior and the esti-
mated spatial correlation determines the extent of spatial
smoothing. In this context, spatial correlation refers to the
similarity of map units that are being considered within the
same “neighborhood.” This estimate can also be parameter-
ized as the standard deviation (SD) or the variance of the
units within a neighborhood. For consistency, we refer to
Figure 2 Sol Lynn/Industrial transformers. The exceedance probability for very low birth weights is plotted on the 20 km by 20 km grid
centered on the Sol Lynn/Industrial Transformers Superfund Site.
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a map with the risk of each location being the same to a
large standard deviation producing a mottled or more ran-
dom map. Each study window consisted of 400 pixels. The
spatial modeling considers each of the 400 pixels is as the
center of a “neighborhood.” For pixels not on the bound-
ary, the neighborhoods consist of nine, 1 km by 1 km pixels.
The variation, for the SD estimate, among the 13 sites
demonstrates the need to restrict the size of the study win-
dow when potential clusters are being evaluated because
locations far from the cluster will have small SD estimates.
In the current study, the seven study windows without
clusters had a lower estimate for the SD which in turn
produced a more uniform risk across the study window.
The prior selected for the neighborhood effects also
has the potential to obscure actual risk gradients. The
current study compared three of the commonly recom-
mended hierarchal variance priors. The gamma(epsi-
lon, epsilon) prior was originally recommended in theWinBUGS manual as a precision prior [20]. The
gamma (0.5, 0.0005) prior for the precision was recom-
mended by Kelsall and Wakefield for situations in
which the SD was poorly identifiable, the prior would
not induce spatial structure by pulling the posterior of
the SD away from zero [22]. This recommendation was
in the context of larger map units and an objective of
comparing risks among locations. In the current context
of evaluating gradients of risk, it is important for the
prior not to influence the posterior distribution of SD
toward zero. Gelman promoted a variance prior that is
uniform over a broad range on the standard deviation
scale [23]. This prior is the most consistent with the
prior beliefs of the investigators for the described ap-
proach to investigate risk gradients near a putative toxic
source. The current study evaluated common condi-
tions in a densely populated setting and the results were
not sensitive to the prior selected. Future investigations
should continue this sensitivity analysis. Much rarer
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the current study may result in models with less identi-
fiable standard deviations of neighborhood effects.
The first stage of cluster investigation is primarily
statistical and evaluates the likelihood of a case excess.
Once a case excess has been evaluated and the statistical
certainty established, the objective becomes to identify
the cluster cause. The identification of high risk locations
does not provide sufficient evidence to implicate the sus-
pected toxic source, but the results do support further in-
vestigation. Further investigation of potential causes should
evaluate personal level covariates as causes ot the cluster.
When personal attributes, like race, or personal expos-
ure assessments can explain the geographic risk then
the personal-level covariate should be considered the
more specific cause of the cluster. The approach, pre-
sented here, can be extended by adjusting for personal-
level covariates and then re-evaluating the GIS-based
exceedance probabilities. This can be done without an
ecologic bias. In contrast, cluster detection methods that
model the risk as constant within a fixed cluster boundary
are subject to an ecologic bias when the confounding be-
tween geographic risk and personal-level risks is assessed.
Conclusions
Geostatistical modeling of the exceedance probability for
very low birth weights identified disease clusters of varying
size, shape and statistical certainty near Superfund Sites in
Harris County, Texas. The approach offers potential as the
first step for investigating potential disease clusters.
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